This is the Pre-Published Version

IEEE JOURNAL OF SELECTED TOPICS IN APPLIED EARTH OBSERVATIONS AND REMOTE SENSING
The following publication Z. Miao, W. Shi, A. Samat, G. Lisini and P. Gamba, "Information Fusion for Urban Road Extraction From VHR Optical Satelllte

Images," in IEEE Journal of Selected Topics in Applied Earth Observations and Remote Sensing, vol. 9, no. 5, pp. 1817-1829, May 2016 is available at
https://doi.org/10.1109/JSTARS.2015.2498663.

Information Fusion for Urban Road Extraction from
VHR Optical Satellite Images

Zelang Miao, Student Member, IEEE, Wenzhong Shi, Alim Samat, Student Member, IEEE, Gianni Lisini,
and Paolo Gamba, Fellow, IEEE

Abstract—This paper presents a novel method exploiting fusion
at the information level for urban road extraction from Very High
Resolution (VHR) optical satellite images. Given a satellite image,
we explore spectral and shape features computed at the pixel
level, and use them to select road segments using two different
methods (i.e., Expectation Maximization clustering and linear-
ness filtering). A road centerline extraction method, which is
relying on the outlier robust regression, is subsequently applied
to extract accurate centerlines from road segments. After that,
three different sets of information fusion rules are applied to
jointly exploit results from these methods, which offer ways to
address their own limitations. Two VHR optical satellite images
are used to validate the proposed method. Quantitative results
prove that information fusion following centerline extraction by
multiple techniques is able to produce the best accuracy values
for automatic urban road extraction from VHR optical satellite
images.

Index  Terms—Centerline,  Expectation
RANSAC, linear-ness filter, information fusion.
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I. INTRODUCTION

RBANIZATION is happening in just a few years in East
Asia, according to the World Bank [1], as shown by
the mass movement of people to cities and the emergence of
urban settlements. The region will have more decades of urban
growth as economies shift from agriculture to manufacturing
and services [1]. Within this framework, updated road layers
in Geographic Information Systems (GIS) are critical for
many urbanization issues, such as urban expansion estimation,
urban planning, and traffic/population movement monitoring
[2]. Although this is not an easy task, especially in urban areas,
with the advent of modern very high resolution (VHR) optical
satellite images, computer-aided road network extraction from
remotely sensed images provides a new opportunity to meet
this challenge.
To date, road extraction from VHR satellite images has
received a lot of attention, and various methods have been
proposed. A comprehensive review is available in [3], where
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these methods are grouped into five categories: 1) seed point-
based, 2) active contours, 3) machine learning, 4) object-based,
and 5) other. The first category starts from user-defined road
seed points, followed by road segments delineation, which
exploits spectral/spatial characters of roads to recognize road
network elements. In this category, a piecewise parabola model
[4] was presented to delineate the road centerline network.
This method firstly applies the piecewise parabola model
around the seed point, followed by the least square matching
to solve the parameters of the precise parabola to be extracted.
Similar methods are presented in [5], [6]. To reduce the
seed point number, kernel density estimation incorporating the
geodesic method is presented in [7]. For a specified pixel,
road footprint [8] and angular texture signature [9] are defined
to measure the road probability from the shape prospective.
n [10] [11], particle filtering is utilized to trace a segment
initiated by the seed point. The shortage of particle filtering
is that it fails to process road branches. To overcome this
limitation, particle filtering and extended Kalman filtering
were integrated in [12] to process complicated road cases.
The single-image mode was discussed in the foregoing road
extraction methods. As an extension, Dal Poz et al. [13]
presented a semi-automatic method for rural road extraction
from stereoscopic aerial images. This method derives the road
seed points to formulate the object-space road model, followed
by optimization using dynamic programming.

The second category method relies on the user defined
initial contour to implement so-called active contour model to
extract roads from satellite images. Two fundamental papers
reporting the application of active contour in road extraction
were given in [14] [15]. Previous studies show that, in a
variety of road extraction tasks, a single snake suffers from
many limitations, such as the failure in disconnected road
networks and enclosed regions. To tackle this limitation, a
family of quadratic snakes [16] has been proposed for road
extraction. This method combines advances in oriented filter-
ing, thresholding, Canny edge detection, and Gradient Vector
Flow (GVF) energy, which surpasses consistently outperforms
a single snake. Similarly, a higher order active contour model
[17] is designed to solve the road discontinuity issue caused by
shadows and trees. The parameter tuning and computational
cost of active contour are addressed by Li et al. [18]. The
substitution of the traditional regularization term by a Gaussian
kernel benefits fewer parameters and larger time step, which
in turn improve the result smoothness and computational
efficiency. To improve road extraction accuracy, active contour
model has also been studied to integrate with other methods,
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such as graph cut [19], the multi-resolution analysis [20], and
Newton snakes [21]. A comparison of different active contour
models for road extraction was given by Nakaguro et al. [22].

The third category is based on the theory of machine
learning. With the spurious of machine learning, this powerful
tool in the field of computer science has naturally extended
its application area into the road extraction. Support Vector
Machine (SVM), a powerful tool in machine learning, has
come into wide use in road extraction [23]-[26]. Meanwhile,
artificial neural networks are applied to extract roads, which
concentrated on evaluating different structures of neural net-
works along with different measuring units and descriptors
[27]. A multistage strategy for automatically extracting roads
from high-resolution multispectral satellite images based on
salient features was introduced by Das et al. [28]. This
method incorporates the salient features of roads using P-SVM
and Dominant Singular Measure (DSM). The path classifier
was studied for automatic delineation of linear features from
images based on the global optimization with geometric priors
[29]-[31]. The junction-point processes [32] and a higher-
order conditional random field model [33] were also exploited
to extract road network from the image. Particularly, Mnih and
Hinton [34] [35] addressed the application issue of machine
learning in road extraction from aerial images.

The fourth category is relying on the object level infor-
mation to extract road pixels. These algorithms are primarily
pixel-based and sometimes accompanied by textural informa-
tion extracted from rectangular regions, in which structural and
conceptual information is not properly exploited. To overcome
the shortcomings of the pixel-based methods and to reduce the
semantic gap, Object-based algorithms have been developed
[36]-[38]. Object-based methods are known to achieve better
results than pixel-based methods in processing VHR satellite
images [39]-[41]. A considerable number of studies have
compared object-based approaches with traditional pixel-based
classification methods [42]-[46]. Many of these studies have
found that object-based methods typically produce higher
classification accuracies than pixel-based methods do. A new
work proposed by Huang and Zhang is based on SVM and
multi feature model at both pixel and object levels [47]
[48]. Peng et al. updated outdated road maps by incorporat-
ing generic and specific prior knowledge into a multi-scale
phase field model [49]. Zarinpanjeh et al. used object-based
analysis for road map updates [50]. Additionally, Grote et
al. developed a method for road network extraction using
object-based analysis [51]. In this category, to improve road
extraction accuracy, various road spatial features derived from
objects have been presented and then integrated with spectral
features. These spatial characters include shape features [23]
[25] [28] [52], directional mathematical morphological [25]
[53], directional filter [54] [55], et al. It is worth to note that
the methods in third and fourth categories frequently produce
segments. The delineation of accurate road centerline from the
classified image was addressed in [56]. Although integrating
shape features in road extraction results in a good performance,
it is challenging to obtain a universal linear feature extraction
method for all situations [54], and this paper will further study
this issue.

There are also some other interesting road extraction meth-
ods. A wavelet based approach for road extraction from VHR
satellite images was presented by Zhang and Couloigner [57].
Some new researches based on SAR imagery and LIDAR
systems also have recently been presented [54] [55] [58].
Doucette et al. proposed an automated road centerline extrac-
tion method that exploits spectral content from high-resolution
multi-spectral images [59]. The method is based on anti-
parallel edge centerline extraction and self-organized road
mapping. A fast linear feature detector for road extraction was
introduced by Shao et al. [60]. This method only considers
ridge line (or bright ribbon) extractions that are mostly roads
in aerial and satellite images. An interesting method that
combines road color feature with road GPS data to detect road
centerline was given in [61].

In general, semi-automatic methods can produce satisfactory
result and thus are much closer to the operational level than
automatic methods. The reason is that automatic methods
generally cannot achieve satisfactory results in complicated
scenes (i.e., dense urban environment). In contrast, the hu-
man interaction is more robust to these cases. Despite this
advantage, however, semi-automatic delineation of roads from
satellite images suffers problems of cost, accuracy, and effi-
ciency, resulting in labor-intensive processes. Automated tools
to assist analysts in this process would be of tremendous
benefit for the production of timely road data set.

Previous studies, mostly focusing on road extraction in
rural/suburb areas, show that road network extraction in urban
environment is a much more challenging task because 1) road
network in urban environment is generally dense, 2) many non-
road pixels, such as car parking, building, are spectrally similar
to roads and are occasionally adjacent to roads, and 3) roads
are frequently partially occluded by shadows and trees, leading
to discontinuities in the ultimately extracted road network.

This is the reason why this study focuses on an automatic
approach for urban road extraction from VHR optical satellite
images. The presented approach addresses two of the chal-
lenges identified above: 1) automatic process; 2) dense urban
environment. We also examine both qualitatively and quanti-
tatively with many tests the benefits and limitations of fusing
multiple extractions via different fusion rule sets, as opposed
to using a single extraction procedure. The contributions of
this paper can be thus summarized into three points:

1) the design of a novel framework for road segments
extraction from VHR optical satellite images by in-
troducing a new linear-ness filter applied to enhancing
linear features in multispectral satellite images,

2) the implementation of a regression-based method for
accurate road centerline extraction from candidate road
areas identified by the previous steps, and

3) the characterization of multiple information fusion rule
sets that are available to combine road extraction results
from multiple sources and with multiple techniques.

The remainder of this paper is organized as follows: Section
Il presents the basic principles of the proposed method,
while experimental results are reported in Section III, and
discussions and conclusions are presented in Section IV.
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II. THE PROPOSED METHODOLOGY

The objective of this study is to design a computationally ef-
ficient approach to extract accurate urban road networks from
VHR optical satellite images. Fig. 1 graphically summarizes
the main steps of the proposed method. The basic elements are
a clustering method and a linear-ness filtering, implemented in
a multi-scale framework to improve the recognition of roads
with different widths. The complete road network extraction
and reconstruction is made by three steps: 1) road segments
are separately extracted using Expectation Maximization (EM)
clustering and the linear-ness filter, respectively. This step
provided candidate road segment sets; 2) road centerlines are
extracted from the candidate road segments by an outlier
robust regression method; 3) road centerline results produced
by the different methods and/or the corresponding candidate
road segments are combined using three information fusion
rule sets to produce the final road centerline map. Details of
each step are described in the following sub-sections.

Expectation
Maximization | —— >
VHR satellite clustering Vegetation and Centerline
image shadow extraction using
- i
_— Tmage removing RANSAC
enhancement using — [
the linearness filter

! !

Final road Information fusion
centerline map (i.e., Rule sets I-
- 1)

Fig. 1. Schematic flowchart of the proposed method.

A. Expectation Maximization clustering

With the aid of the segmentation, the input image is
subdivided into non-overlapping regions. To each of these
regions a set of parameters is assigned, e.g. the average gray
and texture levels, its shape parameters, its size, etc. Since
roads are homogeneous regions with respect to many of the
above mentioned parameters, roads may be recognized by
applying a suitable clustering method. In this paper, Expecta-
tion Maximization (EM) clustering, one of the most powerful
segmentation algorithms, proposed by Dempster et al. [62], is
used to segment the image. The EM algorithm was designed
to estimate the parameters in statistical models. To cluster
the VHR satellite image using EM, the multispectral satellite
image is considered as a set of feature vectors z1,s,..., TN
in a d — dimensional feature space driven from a Gaussian
mixture.

C
p((E;/j,C,EC) = chpc (1') (D
c=1

pe(z) =

1 1 T
o 1P {—2 (z—pe) Bt (x - Mc)}
(2m) § [Xcl?

2
where C' is the cluster number, p,. is the Gaussian distribution
density with mean p. and covariance matrix Y., w. is the
weight of cluster C' which satisfies w. > 0 and Z(C;:l) We =

1. The EM clustering technique is an iteration procedure

(b)

Fig. 2. (a) True color image of QuickBird image. The ground truth dataset,
obtained by visual interpretation, is shown in yellow; (b) EM clustering result.

and the mixture parameters in iteration are estimated by the
following equations:

. 1 e .
He = ——7 Z (I;cl) 3)
we o

TN
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where N is the number of pixel. The pixel is assigned to one
of the C' clusters according to the following equation:

r; € QL Pr(c|z;) = mlaxPr (] ;) (6)

whoe (55 pt, 2t o

Oelog o) (ot ).

Once the convergence is aCch%eved, EM clustering is com-
pleted. In Fig. 2(a), we provide an example of a QuickBird
image of the urban area, downloaded from a freely available
image database assembled for road extraction purposes [63].
The spatial size of the test image is 400 pixels by 400 pixels
and the test image has four multispectral bands with the spatial
resolution of 2m per pixel. This image will be used throughout
the paper to visualize intermediate results. Image segmentation
results are thus presented in Fig. 2(b).

where Pr (¢ | z;) =

B. Linear-ness filter

One different way to extract road candidate is to exploit
one of their most important feature, i.e., the fact that roads are
locally linear. To this aim, this paper presents a new linear-
ness filter that combines the Hessian matrix, the local standard
variance, and geometrical features.

1) Hessian matrix based filter: In the field of image pro-
cessing, Hessian matrix [64] is an important tool that has
various applications, because it is able to capture the local
image structure [65]. Let us define 7 : Q — R,Q C R? a
2D panchromatic image, where 2 and R denote the image
domain and real value, respectively. For each pixel (z,y) in
1, its Hessian matrix H (z,y) is given by:

%1 %1
H _ G‘T * OxO0x GU * Oxdy 7
(z,y)= G %1 G %1 7

o * Oyox o * Oyoy
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where G, is a Gaussian kernel centered at (z,y) with band
width equal to o. Eigen-decomposition [66] is subsequently
applied to the Hessian matrix H, resulting in:

— o [M 0] e
H:[el 62]|:O )\2:| |:e—2>

T

®)

T
= \ejer

+ Ao 6_2>€_2>
whose eigenvalues are \;,i € {1,2} ordered such as A\; >
A2, and €/ represent the corresponding eigenvectors. The two
parameters R and S are computed as:

R o=|3
e ©)
S = (2 +a3)?

where R is essential to separate line and plane structures
since only in the line-like case it becomes zero; while S is
a measure of the second order linear-ness. Note that value of
S becomes low for homogeneous backgrounds, a case when all
eigenvalues tend to become small. To extract linear features,
we start from the likelihood function pg defined as:

0 ,if A1 >0
T,y) = _ B2 2 10
pe (@y) e 267 (1 — 6_2%) , otherwise (19
where f 0.5 and ¢ = (1/2 )max{S(z)|xz € Q} as

suggested by Frangi et al. [67]. Please note that the likelihood
function represents the probability that a pixel belongs to a
linear feature.

Although the likelihood function pg generally shows a good
performance, it suffers from two major problems [68]: 1)
edges and similar high-contrast quasi-linear structures can still
have large likelihood values, resulting in false positives; and
2) it generally produces false positives in plain regions with
low contrast and low Signal-to-noise ratio (SNR). Therefore,
the estimation of linear-ness probability of a pixel based on
Hessian matrix alone is not suitable and a more general filter
is required. To this aim, it will be useful to develop other
indexes based upon the information extracted from the linear
feature segment to which a point belongs, instead of the point
itself. If a composite linear-ness measure can be computed
according to both pr and these quantities, it should be able
to give smooth and reliable responses inside linear features,
while suppressing noise in the background. In this study,
linear feature enhancement using local standard variances is
introduced in order to achieve these goals. The central idea is
to model linear features by using straight line segments around
a pixel and extract useful information from local standard
variance and a geometrical feature, the circularity index.

2) The local standard variance and the circularity index:
By regarding a local window with the size o, equivalent to the
Gaussian kernel bandwidth in Equation (7), the mean radiance
7; (x,y,0,0) of the ith spectral band along the direction
identified by an angle can be expressed as:

>

k——a'

7i(x,y,0,0) = (11)

where Vi = pi([z+kcos(0)],|y+ksin(9)]), 6 €
{0°,1°,2°,...,179°}. Its standard variance (SD) can be de-
fined as:

1 g ~ 5 2
S; (xayao-79) - <201k; (VI_TZ ($a97079)) >
12)
For multispectral satellite images, the total SD

tSD (x,y,0,0) is the sum of SD of each spectral band,
which is provided by computing
B

2

tSD (x,y,0,0) = (z,y,0,0) (13)
where B is the band number. The lowest total SD (TSD)

tSD, (z,y,0,0) and its direction 0, (z,y, o, ) are defined as:
tSDO (x7 y7 0-7 6)
90 (x’ y’ 0—7 0)

From Equation (14), it is observed that high tSD, value
indicates a likely presence of edge or noise at the pixel (z,y);
while low tSD, value indicates that there is a possible linear
segment along 6, (z,y, 0, 0).

Additionally, in this work we exploit the circularity index
[64], originally defined for a 2D binary X, as:

45 (X)

mL? (X)

where S (X) is the area of the object, L (X) is the geodesic
diameter of the object. The same operator can be extended
to process grey level images, as presented in [69]. After
applying the circularity operator, the gray values of pixels
located in a circular structure do not change or change slightly.
Accordingly, the probability that a pixel belongs to a circular
structure can be computed as

sp=1|I—-C|

= arg max tSD (.13, Y,o, 6)
iSD (14)
= arg max tSD (z,y,0,0)

C(X) = (15)

(16)

where I represents a 2D panchromatic image.

It is worth to note that a low value of s, indicates high
probability of a homogeneous structure. After obtaining the
Hessian matrix, the lowest TSD, and the circularity index, a
linear-ness filter can be defined as follows:

0,if \y > 00rtSD, > 0.10rs, <10

PE (T,y) = spj _ RS - i
(z,y) _15D; (1—@ i2),otherw1se

e 30 e 287

a7
where tSD, > 0.1 represents possible edge/boundary regions,
s, < 10 denotes low contrast or low Signal-to-noise ratio
(SNR) regions, a feature that commonly appear in plane
structure. It can be seen that these two conditions are com-
plementary to the one by the Hessian matrix, and helps us to
tackle its limitations to some extent.

In practical applications, roads usually have different
widths, and a multi-scale processing is required. Given a set
of scales (2, linear-ness filter responses at multiple scales are
combined using a max rule:

pe (r,y) = max {pp” (z,y)[0i € U} (18)
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(b)

Fig. 3. (a) True color image of QuickBird image. The ground truth dataset,
obtained by visual interpretation, is shown in yellow; (b) EM clustering result.

where Q, = {3,5,7,9,11} (in pixels) in this study, and can
be easily adapted to images with different spatial resolutions,
in case. Fig. 3(a) and 3(b) compare the results of the original
linear-ness filter and the proposed one. It can be seen that the
original linear-ness filter produces high response values at edge
area and some background areas. By contrast, the proposed
filter overcomes these limitations to some extent, and returns
a much cleaner version of the linear features. After obtaining
the linear-ness map, Otsu’s method [70] is applied to produce
a binary mask.

To improve the extraction, in this paper a pixel-wise ratio
operator, called R, [71], is used to detect vegetation and
shadow areas. The index involves a comparison between the
values of saturation (Bg) and intensity (B) bands, according
to the very simple definition:

Bs — B;
Bs + By

The advantage of this ratio is that it can simultaneously
detect vegetation and shadow areas. To detect vegetation and
shadow areas, Otsus method [70] is applied to the histogram
of the ratio map R,s. After they are identified, these areas
are removed from the preliminary road map produced by EM
clustering.

R’US = (19)

C. Centerline extraction from road segments

This step involves centerline extraction from candidate road
segments. It must be pointed out that the road segments
produced by previous steps have an irregular shape. They
usually have undesired features caused by occlusions and
by the different grey values in a segment due to image
noise (e.g., branches and holes). Regarding these factors,
traditional methods, such as the thinning algorithm [64], do
not usually result into satisfactory centerlines, which instead
include spurious features that reduce their smoothness without
retaining the correct spatial topology. Previous studies have
shown that regression techniques do not produce spurs and
retain the road centerline smoothness [56]. Indeed, regression
methods are good options to extract centerlines from road
segments. However, the observation data (i.e., the coordinates
of the pixels in a candidate road segment) are corrupted by
noise and false/outlier data (i.e., pixels on edge and holes).
Accordingly, regression results may be strongly influenced by
outliers (see Fig. 4). A robust estimation is thus needed to
obtain satisfactory centerlines.

To achieve stable and accurate results, this study relies
on RANdom SAmple Consensus (RANSAC) [72] to extract

Inlier pixel
Outlier pixel
RANSAC
Least square
0 T T T T T T 1
0 50 100 150 200 250 300 350
X (pixel)

Fig. 4. Difference between Least Square Regression and RANSAC.

Road pixel

Y (pixel)

T T T T T T T T 1
20 40 60 80 100 120 140 160 180 200

X (pixel)
(@

Inlier pixel
Outlier pixel
Regression

Y (pixel)

T T T T T T T T 1
20 40 60 80 100 120 140 160 180 200

X (pixel)
(b)
Fig. 5. An example of (a) road pixels identified in a candidate road
segment; (b) road centerline extraction using RANSAC, where purple points

are eventually recognized as outliers, blue points are considered as inliers,
and the brown line is the regression result.

centerlines from road segments, thanks to its efficiency and
robustness to outliers. The RANSAC algorithm is a non-
parametric method composed by two main steps:

1) arandom selection of a subset of data points to start the
model selection;

2) a classification of all data points as inliers or outliers by
using this model.

Steps a) and b) are iteratively repeated and eventually the
largest inlier set is selected, and the model re-estimated from
it. Fig. 5 presents an example of road centerline extraction
using the RANSAC. It can be seen that RANSAC eventually
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splits the observation data into two groups: 1) outlier group
and 2) inlier group, outliers are directly discarded and inlier
are used to extract the centerline.

In this step, road shape features can be integrated into
RANSAC to remove miss-classified road pixels. Here, two
shape metrics are employed, including: 1) area and 2) length.
As the road is an elongated feature, roads usually do not have
small area values. Therefore, segments with areas smaller than
T4 are likely to be false positive and can be ignored.

Another road metric is its length. To check it, the segment
centerline is removed if its length is smaller than the given
threshold 77, and operation that can be expressed by:

L {RANSAC (A;) ,ifLength (RANSAC (4,)) > T},

o , otherwise
(20
In a real-world application, road candidates frequently have
many branches, and RANSAC cannot be directly applied.
To address this limitation, this study designed a modified
RANSAC algorithm to extract centerlines from arbitrary road
segments (reported in Algorithm 1). The central idea of this
algorithm is to implement RANSAC in a recursive manner. For
a complicated road segment (i.e., curved and with branches),
Algorithm 1 divides the centerline into several straight lines.
Although this selection slightly decreases the road centerline
smoothness, it is better suited to store road centerlines in a
GIS database. Additionally, this method makes it easier to
implement information fusion techniques at the centerline level
to integrate results from different extraction techniques, as
discussed in the following section.

Algorithm 1 RANSAC for accurate road centerline extraction
1: Input
2: S represents a road segment.
3: Qg stands for the coordinates of pixels in S.
4: Qiniier denotes the coordinates of inliers produced by
RANSAC.

5: N is the pixel number.

6: Output

7: L denotes the lines produced by RANSAC.

1: while number (Qipniier) < N do

2 Perform RANSAC on (g, producing a line [;, inliers
3 Q iers and outliers QF .

4: L {Z} = li; Qin“ﬂ‘ {Z} = Qénlier;

5: S <+ LargestConnectedComponent (Qs — Qintier);
6: Qg + O (S),

70 if memberl@uier) > (.9 then

8: break;

9: else

10: continue.

11: end if

12: end while

D. Information fusion

After extracting candidate road segments using multiple
methods, our goal now is to jointly analyze these results in

the framework of information fusion. Previous studies show
that information from multiple sources can complement each
other and be beneficial. Clearly, fusing centerlines requires a
set of rules. To make the wisest possible choice, in this study
three different rule sets are compared.

1) Object-level information fusion: Object-level informa-
tion fusion includes two different rule sets, named rule set |
and rule set II. The two sets jointly analyze objects obtained
from EM clustering and the linear-ness filter to produce the
final input to the RANSAC road centerline extraction.

Rule set I. Suppose g and Qp are the sets of road
segments extracted by EM clustering and the linear-ness filter,
respectively. Rule set I is defined as:

R = RANSAC (25 A Q1) 1)

Rule set II. Rule set II substitutes the logical AND operator
in rule set I with the logical OR operator, and can be expressed
as:

RM = RANSAC (Qg V Q1) (22)

2) Centerline-level information fusion: Rule set III. Dif-
ferently from to rule sets I and II, rule set III is an ordered
procedure implemented by applying a set of regularization
steps, defined as:

R = Py, P3. P, . P {RANSAC (Q5) V RANSAC (921,)}
(23)

where P, P>, Ps, and P, represent four spatial regularization

techniques, introduced in the following paragraphs.

a) P;: Parallel centerlines are merged into one if the distance
between them is small enough. In a 2D Euclidean space,
two segments are said to be parallel if their extensions to
infinitely long lines never cross each other, as illustrated in
Fig. 6(a). In discrete image processing, it may be a challenging
task to quickly determine whether two straight segments are
parallel or not. This study solves this problem by using an
unsupervised clustering technique. Suppose L; and L; be
two straight lines, and their corresponding end points be
{M}, M2 M}, M?}. First, line segments are grouped into
five categories based on their slopes. Then, two lines (L;, L,)
are judged to be parallel if and only if they fall into the same
category. In this study, K-Means algorithm [73] is selected for
the clustering task due to its simplicity and efficiency.

As mentioned, once two parallel lines are individuated, they
are merged. To this aim, if the distance between the two
segments is smaller than a pre-defined threshold d;, then the
shorter segment is discarded. Hence, the spatial regularization
rule P, for the parallel case is given by:

arg max (Li,Lj) Lif D' <dy

(24)
(Li7 Lj)

Py (Li, Lj) {

, otherwise

where D! = (HMj.lell —|—UMJ2M]2/H) /2 and M?/ are
projected points of M jl and M7 on L;, respectively.

b) P,: Centerlines which are collinear/coincident are
merged. Two linear segments are said to be collinear if they
lay on the same straight line, as illustrated in Fig. 6(b). In
this case, if the smallest distance between their end points is
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smaller than pre-defined threshold ds, then the two segments
will be connected by extending the longer one to touch the
other one.
LSF (L;, L;
P2 ( Li7 LJ) — ( J )
(Li, Lj)

Lif D2 < dy

. (25)
, otherwise

where D? = HMZQM jl |, and LSF stands for least square fitting
(LSF) [73], a technique robust to the deviation between L; and
L.

c) Ps;: A centerline intersecting the extension of another
one close to one of its ends (see Fig. 6¢), is trimmed to the
intersection point. In particular, when two segments or their
extension form congruent adjacent angles to each other, they
are said to be perpendicular. In this case, if the length of the
extension line is smaller than a pre-defined threshold d3, then
these two lines will be connected. The spatial regularization
strategy Ps for this case is thus defined as:

L, L. LF) ifD3<d

Py(L L) = 4 P b 1) DS da o
(L;, Ly) , otherwise

where Lf is the extension line of L;; D? = HM ]-1 M JE , where

M is the extension point of L;.

d) Ps: Two centerlines intersecting each other when ex-
tended are elongated until their intersection. To this aim, recall
that the general equation of a straight line is ax + by +c = 0,
where a, b, and c are real numbers. Considering two straight
lines,

a1x +biy+c =0 27

asx +boy +c2 =0 (28)

If 3 # Z—;, then the two lines are intersecting. In this case,
if the maximum length of two extension lines is smaller than
a pre-defined threshold dy4, the two lines will be extended and
connected (see Fig. 6(d)). The spatial regularization strategy
for the intersection case can be expressed as:

(Li, Ly, LF,LY) it D* < dy

(29)
(Li’ Lj)

Py (Li, Ly) = { .
, otherwise

where Lf and LJE are extension lines of L; and L, respec-

: .4 23 1E 1sE E

tively; D* = max {|| MM |, | M} M|} where M5 is the

intersection point of L; and L;.

E. Parameter tuning

The proposed method depends on several parameters (e.g.,
six thresholding values), and the choice of these parameters
has an impact on the performance of the algorithm. It has
been formally proven in the No Free Lunch theorem [74]
that it is impossible to tune a parametric algorithm such
that it has optimal settings for all possible natural image
scenes. Accordingly, in this paper we carry out an empirical
analysis on parameter tuning. As a matter of fact, settings that
significantly outperform the values obtained by this empirical
analysis might be possible, but they seem not easy at all to
obtain.

Specifically, the developed empirical model depends only on
one information, i.e. the average road width R,, in the scene.

W2
i D1(LI.,L!.) <d, DZ(LI.,LI.) <d,
i
W M Wy oL e
U
M
(a) (b)
e M§ D"'(L',ijgdl‘
)- 1
, g
M; D3(L(,Lj),<d3
M1
J
M!

(© (d

Fig. 6. Four spatial regularization strategies considered in rule set II. (a)
Parallel segments. (b) Collinear segments. (c) Extension of one line segment
intersecting the extension of another. (d) Segments that intersect each other.

TABLE I
PARAMETERS USED FOR EACH TEST SITE

[ Test site | Parameter values |
1 C =5 Ry, =20
2 C=4, R, =15

The six thresholds used in this work are computed according
to: 1) Ty = 156%x Ry, 2) T, = 2% Ry, 3) di = 5% Ry, 4)
dy =4+ Ry, 5) d3 = 3% Ry, and 6) dy = |2.5 % R,,|, where
|e| rounds a number to the nearest integer less than or equal
to it.

III. EXPERIMENTAL RESULTS

In this section, the proposed method is validated by using
two multi-spectral satellite images. For quantitative evaluation,
three measures are computed: Completeness = T'P/(TP +
FN), Correctness = TP/(TP + FP), and Quality =
TP/(TP+FP+FN)[75], where TP, FN and F P represent
true positives, false negatives, and false positives, respectively.
The experiments run under MATLAB R2010b 32 b on a PC
with Intel Core 2 CPU at 2.26 GHz, 2-GB RAM equipped
with Window 7. For a fair comparison, the parameters were
selected when the best performance is produced via trial-and-
error test. The parameters used are provided in Table 1.

A. Comparison of different centerline extraction algorithms

The advantage of the proposed approach for road centerline
extraction from the classified image has been checked first.
To this end, the proposed method is compared with two
methods existing in technical literature, that are 1) the thinning
algorithm [66], and 2) the Multivariate Adaptive Regression
Splines (MARS) [56]. The results of the comparison are
reported in Fig. 7.

Generally speaking, the edges of road segments have a
zigzag shape due to the complicated features adjacent to road,
while there are many holes in the road segments caused by
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TABLE II
QUANTITATIVE EVALUATION RESULTS OF DIFFERENT INFORMATION
FUSION RULES

[ Fusion method | Completeness | Correctness | Quality |

rule set T 0.60 1 0.60
rule set IT 0.84 0.80 0.69
rule set III 0.82 0.92 0.77

image noise, as illustrated by brown pixel in Fig. 7. These
factors make the accurate centerline extraction from the road
segment a challenging problem. As it can be observed from
results by the three centerline extraction methods mentioned
above, the thinning algorithm is the one producing more
unwanted elements, such as spurs, bridges and loops (see
Fig. 7(a)). Although the presence of spurious elements does
not affect the interpretation of road centerline, it reduces its
smoothness and causes inaccuracies in road network patterns.
By contrast, both MARS and RANSAC can provide results
more accurate than the thinning algorithm, as illustrated in Fig.
7(b) and 7(c). Indeed, with MARS and RANSAC, there are no
spurs, bias, or phase transitions. Additionally, MARS provides
smoother result than RANSAC. This is due to that MARS
relies on a regression of higher order than RANSAC. Note
that the MARS result is a curve, while the result of RANSAC
is a straight line, which in turn make it easier to store these
data into a GIS. Thus, from the practical viewpoint, RANSAC
is much more suitable for GIS than MARS. Additionally,
RANSAC results can be directly used as inputs to rule set
1.

It can be concluded that RANSAC achieves the best balance
between accuracy and data storage efficiency. Hence, it is se-
lected in this study to delineate road centerlines from classified
images.

(a) (b) ©

Fig. 7. Centerline results by (a) the thinning algorithm [66], (b) MARS [56],
and (c) RANSAC, respectively. The background is shown in gray, while road
pixel in brown, and centerlines in green. The extracted centerlines have been
shifted from their true position to make the underlying pixels belonging to
the road segments visible.

B. Comparison of different information fusion rules

In this step, the performance of the three different informa-
tion fusion rule sets (i.e., rule set I, rule set II and rule set
IIT) is checked. For a fair comparison, the best performance
of each rule is defined as the final output of this rule. Fig. 8
presents the results of all of the information fusion rules. The
comparison among results from different information fusion
rules is reported in Table II. Fig. 8 shows that rule set I
provides much cleaner extractions than the other two rule sets,
and it produces the most correct performance. This coincides
with the best correctness value of rule set I in Table II. The
rationale for this result is that the logical AND operation aims

Fig. 8. (a), (b), and (c) show the information fusion results of rule set I, rule
set II, and rule set III, respectively. TP, FP, and FN are shown in red, green,
and blue, respectively.

Fig. 9. Comparison results of different road extraction strategies on the Pavia
test area: (a) ground truth; (b) EM result; (c) linear-ness filter result; (d)
information fusion result. TP, FP, and FN are shown in red, green, and blue,
respectively.

TABLE III
QUANTITATIVE EVALUATION RESULTS OF DIFFERENT ROAD EXTRACTION
STRATEGIES ON PAVIA TEST AREA.

[ Method [ Completeness | Correctness | Quality |
EM 0.50 0.66 0.40
The linear-ness filter 0.54 0.65 0.42
Fusion 0.69 0.63 0.49

at retaining as much correct information as possible. From
Table II, it can be seen that that rule set I outperforms the
other two rule sets in term of completeness (because of the
logical OR). However, a comparison of Fig. 8(a) and Fig. 8(c)
shows that rule set III can retain the correct roads produced
by rule set I, while at the same time also inheriting the
completeness property of rule set II. A comparison between
Fig. 8(b) and Fig. 8(c) shows that rule set III can remove more
false positives than rule II. This is due to the regularization
strategies that make full use of the information provided
by the segmentation method and the linear-ness filter. The
results in Table II suggest that the information fusion rule
at the centerline level produces the best balance between
completeness and correctness, making it the method of choice
from now on.
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TABLE IV
QUANTITATIVE EVALUATION RESULTS OF DIFFERENT ROAD EXTRACTION
STRATEGIES ON XUZHOU TEST AREA.

[ Method | Completeness [ Correctness | Quality |
EM 0.69 0.64 0.50
The linear-ness filter 0.66 0.52 0.41
Fusion 0.84 0.61 0.54

C. Experiment 1

The proposed method was tested first on a QuickBird image
of the urban area of Pavia (Italy). The spatial size of the test
image is 1024 pixels by 1024 pixels and Fig. 9(a) shows
the study area. The test image has four multispectral bands
with the spatial resolution of 2m per pixel and the proposed
method is validated on the original multispectral bands with
pan-sharpening. Figs. 9(b)-9(c) present the results of different
road extraction strategies. From Fig. 9, it can be seen that EM
fails to extract road in some parts (see A-D green rectangles),
where roads are not properly shown due to the shade of
buildings, trees, or their shadows. The EM clustering method
is not always able to correctly extract shaded roads, as it is
relying on only spectral information. By contrast, the linear-
ness filter is successful in recovering road information in
the same shaded areas. The reason for this success is that,
although the spectral information of the shaded road change,
its shape feature is retained, and this makes the linear-ness
filter be able to delineate it. Similarly, Fig. 9 also shows
that the linear-ness filter cannot extract road pixels in some
areas (see the E green rectangle), while the EM clustering
is successful in those areas. Thus, EM and the linear-ness
filter provide complementary information: by fusing these
two methods, the overall performance improved (see Fig.
9(d)). Accordingly, it can be seen that some discontinuities
are successfully eliminated using the proposed road tracking
rules. However, there are still some wrongly connected results,
proving that automatic road tracking is still a challenging issue.
An operational solution is to interactively post-process road
centerline segments by means of semi-automated methods.

Table III reports a quantitative assessment of different road
extraction strategies. It can be seen that, with respect to com-
pleteness, the fusion method exhibits an obvious advantage
over its competitors. In addition, EM outperforms the linear-
ness filter and the fusion method in the metric of correctness.
Compared to EM, the correctness value of the fusion method
has slightly decreased, due to some wrongly regularized result
produced by rule set III. From the viewpoint of quality, Table
III clearly illustrates that the fusion method yields a substantial
improvement with respect to the other two methods. The
fusion method improves the quality of EM clustering by 9%,
and the linear-ness filter results by 7%. Therefore, the fusion
method already yields the best quality performance, producing
the best trade-off between completeness and correctness.

D. Experiment 2

The second experiment was performed on a dataset acquired
by QuickBird on Xuzhou City, Peoples Republic of China.

(d

Fig. 10. Comparison of the results of different road extraction strategies on
the Xuzhou test area: (a) ground truth; (b) EM results; (c) linear-ness filter
results; (d) fusion result. TP, FP, and FN are shown in red, green, and blue,
respectively.

TABLE V
COMPARISON OF DIFFERENT ROAD EXTRACTION METHODS
Study area Method Completeness | Correctness | Quality

Song [23] 0.72 0.45 0.38

Pavia Huang [48] 0.57 0.50 0.37
Proposed 0.69 0.63 0.49

Song [23] 0.97 0.32 0.32

Xuzhou Huang [48] 0.94 0.48 0.46
Proposed 0.84 0.61 0.54

A subset (1024 pixels by 1024 pixels) of the whole pan-
sharpened image was selected as the experimental area, and
presented in Fig. 10(a). The road centerline extraction results
using EM segment only, the linear-ness filter only, and the
proposed method are shown in Figs. 10(b)-10(d), respectively.
In Fig. 10, the ground truth dataset is shown in yellow; while
extraction results in red.

Table IV reports a quantitative evaluation of the results.
The fusion rule produces the largest Completeness value while
EM the largest Correctness value. This is because the fusion
result starts from different road extraction results and thus has
higher probability to detect portions of the true road network.
Similarly to what happens in the first test site, the fusion
method decreases Correctness compared to EM clustering,
because of the accumulation of errors from multiple road
results and some wrongly regularized results produced by rule
set III. With respect to the quality metric, it can be seen that the
values of EM clustering, the linear-ness filter, and the fusion
method are 0.50, 0.41, and 0.54, respectively. In these three
methods, the tracking rules improve the quality performance
from 4% to 13%, which is compatible with the conclusion of
the first experiment. Hereby, the fusion method surpasses the
other two competitors. This again verifies the superiority of
the fusion method in improving road extraction accuracy.

E. Comparison with state-of-the-art methods

To assess the results of the presented method, in this area,
a comparison was carried out with the two state-of-the-art
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Fig. 11. Comparison results of different road extraction methods on two test
areas: the first column show the results of Song’s method [23], while the
second column the results of Huang’s method [48] on Pavia and Xuzhou,
respectively. TP, FP, and FN are shown in red, green, and blue, respectively.

methods: 1) Song’s method [23], and 2) Huang’s method
[48]. Fig. 11 gives the comparison results of these two road
extraction methods. As it can be seen, road features are
extracted well by the proposed method. This performance is
also confirmed quantitatively by road extraction accuracy in
terms of three measures (i.e. Completeness, Correctness, and
Quality). Table V lists the quantitative evaluation results for
the three methods. As shown in Table V, for the first study area,
the Quality values yielded by the three methods are equal to
0.38, 0.37, and 0.49, respectively. The fail of Song’s method is
that the misclassified road pixels are connected with the correct
road pixels. Therefore, it is challenging to use shape features to
post-classify SVM classification result (i.e., separating correct
road pixels from misclassified road pixels). The use of thinning
algorithm in Huang’s method leads to low Correctness value,
which in turn decreases the Quality metric. Thus, the proposed
method yields the best Quality value in the first test case. For
the second study area, although Song’s method and Huang’s
method produce higher Completeness values than the proposed
method, the lower Correctness values significantly decrease
their extraction performance. Therefore, from the viewpoint
of Quality measure, the proposed method outperforms Song’s
method and Huang’s method in both two test cases, which
confirms the suitability of the proposed road extraction method
for optical satellite images.

IV. DISCUSSION AND CONCLUSIONS

Urban road network remains one of the trickiest and most
difficult features to be extracted: roads may be shadowed
by trees and buildings; they are neither distinct from their
surroundings nor completely homogeneous. Hence, they are
difficult to be discriminated using automated approaches.
Therefore, one of the underlying goals of this research was to
show how to reduce inevitable issues in urban road network
extraction combining results from multiple extraction methods.
The proposed approach exploits information fusion rule sets,
and is suited to VHR optical satellite images. The approach

was tested on two images of densely built urban areas, where
road networks are spectrally similar to their surroundings and
partially occluded by trees and shadows.

The results reveal several insights for urban road network
extraction that are relevant to future studies.

A. Integrating local information can help linear feature en-
hancement

One typical road feature is that roads are locally straight;
this feature has been quantified by means of a novel linear-ness
filter. In image processing, Hessian matrix based filters, such
as Frangis filter [67], are commonly used for this task. The
problem, however, is that they rely on image gradients or high-
order derivatives, thus their responses are sensitive to noise and
often too weak to discriminate road and non-road pixels in low
contrast regions. In addition, the Hessian matrix based filters
usually produce high responses around boundaries of different
land cover classes, yielding difficulties in precisely localizing
the exact boundary of a linear feature. Imprecise boundary
localization could instead result in inaccurate quantification of
road segments. This paper focuses on addressing these two
challenging problems.

Specifically, we have studied the use of local information
around a pixel together with its local structure derived from
Hessian matrix. Experimental results show that the proposed
approach helps discarding most false positives in low contrast,
low Signal-to-noise ratio (SNR) regions and at boundaries
between land cover classes. We believe this approach provides
far more cleaner result than the one proposed in [67].

B. Regression can extract accurate road centerline

The efficacy and efficiency of the proposed regression
method for road centerline detection highlight its excellent
performance. Centerline extraction from road segments using
this regression method has two advantages: 1) it is convenient
for data storage; 2) the extracted centerline has no spurs
and well retains the smoothness. The regression method can
help to overcome spurs due to their spectral similarity to the
surroundings, while holes are due to missing pixels. Indeed,
our work provides evidence that it may be possible to extract
smooth centerlines from road segments with coarse boundary
and holes.

While the regression method is highly suited to detect
centerlines from straight road candidates, this analysis also
reveals biases that should be considered. First, the proposed
method relies on a recursive way to process curved road
segments, so the technique is limited in some regions where
road segments have branches. Although it is difficult to process
complicated road segments, the proposed method can produce
preliminary centerlines that retain correct spatial topology. It
is possible to overcome this limitation by considering a semi-
automatic method, and including a user interaction option [48].
This allows greater freedom, but also leads to increased user
input and greater time consumption, which may in turn restrict
the utility of the method in some situations.
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C. Information fusion helps yield high road delineation accu-
racy in complex urban scene

While the amounts and quality of remote sensing data are
unprecedented, there is still no one perfect data source for
the difficult task of mapping urban expansion. This work has
shown that combining results extracted from multiple methods
is advantageous given the complexity and heterogeneity of
urban road network. Depending on the spectral and spatial
characters, urban road networks can be extracted to some
extent via automatic means. Our results show that linear-ness
filter produces a higher accuracy when the urban road network
is suffering the similar and/or different spectral similarity
of surroundings, while the segmentation method achieves
higher accuracy when the urban road network is homogeneous.
Therefore, a road candidate may be extracted by the former,
while another one by the latter extraction method. By exploit-
ing these complimentary datasets and fusing the information
obtained from both of them, a more accurate extraction is
achieved.

While this study focuses on the fusion of two methods (i.e.,
EM clustering and the linear-ness filter) relying on a single
data source (i.e., optical satellite images), future works will
integrate multiple methods and multiple data sources, such as
optical satellite images, LIDAR, and SAR.
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